ABSTRACT In this paper, a new cooperative localization (CL) method for multiple autonomous underwater vehicles (AUVs) is proposed to address the problem of measurement outliers and communication packet loss caused by the harsh underwater environment. Combining the advantages of both the maximum correntropy criterion (MCC) and the adaptive neuro-fuzzy inference system (ANFIS), the quality of collected data can be improved by MCC and the ANFIS can be better trained. The efficacy of the proposed method in the CL of AUVs is verified by lake trial. The experimental results show that ANFIS can effectively obtain the location of AUVs based on the input data when the communication packet is lost and the combination of MCC and ANFIS provides better positioning accuracy and robustness. When the probability of measurement outliers is 2%, the proposed method reduces the averaged localization error by 80%, the standard deviation by 84%, and the maximum error difference by 73% compared with the CL method based on cubature Kalman filter(CKF). Finally, the effectiveness of this method is verified by various experiments under different measurement outliers probabilities.
I. INTRODUCTION
AUV is a product of modern technology that integrates artificial intelligence, computer software, sensors and other advanced technologies. Due to the deepening of human exploration and development activities in the ocean, the use of single AUV can no longer meet the current requirements. So the researchers focus on the cooperative system composed of multiple AUVs [1] . The complexity of the marine environment limits the application of cooperative system, in most of the underwater tasks like environmental detection and monitoring, cooperative AUV system has to operate in areas where external auxiliary location information cannot be provided. Therefore, navigation of AUVs becomes a challenging task in such situations [2] - [5] . The inertial navigation system(INS) with high-accuracy gyroscopes and accelerometers is the most commonly used underwater navigation method.
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However, even the high accuracy inertial sensors will accumulate positioning error over time resulting in unbound positioning error [6] - [8] . In order to bound this error, underwater acoustic range observations are applied to navigation system [6] , [9] . This method is known as CL of AUVs which is a new underwater localization technique, developed for AUVs cooperative application. In the CL system, a small number of AUVs are leaders that are equipped with high-accuracy INS. The leader AUVs can assist other AUVs which are equipped with low-precision sensors via underwater acoustic modems [5] , [9] - [11] . CL cannot only provide high-precision underwater location information, but also has the advantages of low cost, simple implementation and no area restrictions, which is one of the research hotspots in the field of ocean engineering in recent years [12] .
Estimating the position of leader AUV is very important for CL of AUVs. The filtering technology based on the statespace model, as the most widespread method, could achieve the optimal estimation in the statistical sense and obtain the estimation information with high-accuracy [13] , [14] . However, considering the uncertainty of underwater environment and the complexity of underwater acoustic communication in practical applications, the positioning performance of AUVs is restricted by various internal and external factors [15] . In addition, the harsh underwater environment may also cause AUVs to fail to communicate for a period of time. In this case, the location can generally be obtained through the time update part of Kalman filter but the position error diverges quickly without measurement update. Scholars have proposed some Kalman filter methods with intermittent observation information [16] - [18] . However, the proposed methods are computationally complex and the accuracy of the state estimation cannot be guaranteed when the communication packet loss for a few minutes. Therefore, it is necessary to discuss an appropriate method to ensure the positioning accuracy of CL under such condition.
ANFIS is the combination of both fuzzy inference system (FIS) and neural network(NN) [19] and has been applied in many fields of research. Gharghn et al. [20] used ANFIS in the accurate positioning of wireless sensor networks. The test results indicated that the distance estimation accuracy of both indoor and outdoor was improved noticeably by applying the ANFIS optimization, relative to the rough estimate by the log-normal shadowing model method. Abdolkarimi et al. [21] improved on the basis of ANFIS and developed an integrated INS/GPS measurement method based on artificial intelligence. The experiments were conducted on a high-speed vehicle and the performance was evaluated using practical data. The results showed that, compared with the EKF, the localization performance with only lowcost inertial sensors could be greatly improved in absence of GPS signals. The ANFIS is known for its efficiency in dealing with highly nonlinear problems and is proposed as an enhancement to the conventional Kalman filters, which is used for CL especially because of its effectiveness in dealing with complexity and uncertainty in the input data in dynamic environments [21] , [22] .
The establishment of ANFIS requires a large number of exact and known data for model training. However, in the harsh underwater environment, the data collected for the training will be affected by the measurement outliers and ANFIS will not be able to accurately predict the location when communication packet will be lost. To address the measurement outliers, the MCC has been proposed [23] - [26] . A so-called maximum correntropy unscented Kalman filter was proposed which uses MCC to enhance the robustness of UKF against impulsive noises [25] . Sun et al. [27] have developed a maximum correntropy divided difference filter to deal with the outliers occurring and the results of lake test have shown the advantages of the proposed algorithm.
In order to obtain better positioning accuracy of AUVs in harsh underwater environment, CL method combining MCC and ANFIS is derived in this paper. When the CL system communicates normally, the MCC is used to process the collected data and to estimate the location using maximum correntropy Kalman filter. When communication packet is lost, the location is predicted using ANFIS.
The remainder of this article is organized as follows: In Section II, a method for CKF-based CL algorithm using underwater acoustic ranging information is introduced. In Section III, a short review of the ANFIS is introduced and CL method based on ANFIS combined with CKF (ANFIS-CKF) is derived. In Section IV, CL method of underwater robot based on MCC and ANFIS-CKF is modified, called MC-ANFIS-CKF. In Section V, The performance of the proposed method for CL in harsh underwater environment is analyzed by simulation and experiments. The paper is concluded in Section VI.
II. PROBLEM FORMULATION A. COOPERATIVE LOCALIZATION USING UNDERWATER ACOUSTIC DISTANCE MEASUREMENT
This paper considers CL of AUVs based on leader-follower formation. The leader AUV is used as communication and navigation aid (CNA) [11] . The follower AUV can calculate low-precision dead-reckoning (DR) position from doppler velocity log (DVL), compass and depth sensor (i.e. pressure sensor). The CNA is equipped with high-precision inertial navigation equipment, depth sensor and DVL and can obtain its high-precision reference position. In practical CL of AUVs, the depth information of AUVs as well as of CNAs can be accurately obtained by the depth sensor; hence, the calculation of the horizontal position is not affected by the depth information. Therefore, the threedimensional positioning problem can be simplified into the two-dimensions [14] , [28] .
Based on the process equations, the position
where λ k and L k are, respectively, longitude position and latitude position of the AUV at discrete time k, t is the sampling period, v k and ω k are, respectively, the forward and starboard velocities of the AUV provided by the DVL.
• ) is the heading measured by the compass and is defined as the angle between the forward direction and the true north direction measured clockwise. R M ,k and R N ,k are, respectively, radius of curvature in meridian and radius of curvature in prime vertical and are defined as [14] .
The location of the CNA is broadcasted to the AUV periodically via acoustic modem and the relative distance between AUV and CNA is measured by the time of arrival (TOA) method. Defining the location of the CNA at time k as
T , the underwater acoustic ranging function between AUV and CNA is expressed as
where r k denotes the relative distance between the AUV and CNA and h m k is the depth of the CNA measured by the pressure sensor. Moreover, a k , b k , a m k and b m k are defined as follows:
Because the depth information can be accurately obtained by pressure sensor, the three-dimensional distance measurement r k can also be simplified into the two-dimensional distance measurement as follows
where δ k is the measurement noise. Based on equation (1) and (3), the state-space model of CL system can be expressed as follows
where, f (X k−1 , v k , ω k , θ k ) and h X m k , X k are the state transition function and measurement function, respectively, and are defined as
The process noise w k−1 ∼ N (0, Q k−1 ) and measurement noise δ k ∼ N (0, R k ) are mutually uncorrelated Gaussian white noise processes. Q k−1 and R k are the process noise covariance matrix and the measurement noise covariance, respectively.
B. THE CKF BASED COOPERATIVE LOCALIZATION ALGORITHM
The CKF algorithm obtains a set of equal weight volume points based on the sphere-radial criterion. 
are known. By Cholesky's method, the state error covariance P k−1|k−1 is decomposed as
2) By using S k−1|k−1 andX k−1|k−1 , calculate the cubature points as (6) where
, n is the dimension of the equation of state and [1] i is represented as the ith column vector of the n-dimensional identity matrix I.
3) The cubature points are expanded by the system state transition function
4) The one-step state prediction at time k can be obtained by weighted summation
5) The one-step prediction error covariance at time k can also be obtained by weighted summation
Measurement update Phase: 6) The predicted state error covariance is decomposed by Cholesky's method.
7) Calculate the cubature points as (11) 8) The cubature points are expanded by the measurement function
9) The predicted measurement at time k can be obtained by weighted summation
10) Estimate the autocovariance matrix
11) Calculate the cross-covariance matrix between state variable and measurement
12) Estimate the Kalman filter gain
13) Update the state vector
14) Update the state error covariance matrix
III. COOPERATIVE LOCALIZATION BASED ON ANFIS A. THE BASIC PRINCIPLES OF ANFIS
The ANFIS was created by the integration of artificial NN and FIS [31] , which borrows the learning mechanism of NN and applies it to FIS. Then the FIS will be able to train with data just like neural networks. In FIS, some membership functions are given by the input. The way in which the input membership functions combine or interact with each other is called as the rule. These rules are divided into antecedent and consequent parts [19] . In our adopted ANFIS technique, three inputs, single output and the first-order Takagi-Sugeno method are considered [21] , [22] , [31] - [34] . The inputs, out and the rules are described as follow:
3) The velocity of AUV (V) Output:
1) Location of filter output Rule 1:
Rule 2:
The ANFIS architecture consists of five layers as shown in Fig. 1 . The circles and squares represent fixed and adaptive nodes, respectively [20] . 
where T , L and V are the input to the nodes. A i , B i and C i are a fuzzy set associated with node T , L and V , respectively.
Here, the membership functions for A i , B i and C i are considered the generalized bell-shaped membership function (gbellmf), which is defined as follows
where a i , b i and c i are the parameters that can change the shape of gbellmf which are often referred to as the premise parameters and are used to adjust the membership degrees of inputs. The premise parameters are adjusted during the training of the network. Layer 2: This layer is called the rule layer and the nodes are marked as . The output of this layer can be obtained from the input signals. This layer implements the FIS process and the output of each node exhibits the rule firing level [20] . The output values O 2,i of this layer are calculated by the multiplication of the membership functions of all the inputs.
where w i represents the firing strength of the i th rule. Layer 3: The nodes in this layer are marked as N. The normalized firing strength of the i th node is calculated by dividing the i th node's firing strength by the sum of all rule's firing strengths
wherew i is the output value of the layer 3. Layer 4: This layer is called the defuzzification layer. All the nodes in this layer are adaptive node. This layer creates an adaptive correlation between the normalized firing value and the resulting function. The output value of this layer is the multiplication of the values of layer 3 and Layer 1.
where m i , p i , q i and r i are the result parameters, which are often referred to as the consequent parameters.
Layer 5: The only node in this layer is fixed node, labeled as , which computes the overall output as the summation of all incoming signals.
The fuzzy membership function and fuzzy rules in ANFIS are obtained by learning a large amount of known data rather than selecting arbitrarily based on experience or intuition. This is especially important for the systems that are not fully understood or have complex features [19] , [31] .
ANFIS can form a set of fuzzy if-then rules with a membership function and generate a specified input-output matching by a hybrid algorithm. The membership function can be adjusted according to input-output information [20] . In general, an approximate fuzzy model is first initialized by the system and then improved by an iterative adaptive learning process. By gathering input-output information, ANFIS takes the initial fuzzy model and tunes it by means of a hybrid technique, combining gradient descent back-propagation and mean least-squares optimization algorithms [22] , [35] . The ANFIS model optimization process is shown in Fig. 2 .
By using the learning process, both the premise and the consequent parameters of the FIS should be adjusted optimally in order to accurately represent the factual mathematical relationship between the input space and the output space. In each iteration of training, the error between the actual output and the expected output can be reduced. Training stops when a predetermined number of training times or error rates are reached. The gradient descent algorithm is used to optimize the non-linear premise parameters while the mean leastsquares is used to adjust the linear consequent parameters.
B. COOPERATIVE LOCALIZATION BASED ON ANFIS COMBINED WITH CKF (ANFIS-CKF)
Based on the CL system of underwater acoustic communication, the location can be estimated in real time by CKF. However, due to the uncertainty and complexity of underwater environment, the underwater acoustic communication channel is highly unreliable. The AUV may be unable to receive the measurement and the location information of CNAs due to communication packet loss, which would lead to the increase of positioning error of CL system. To solve the problem described above, accumulation of one real-time data fusion based on ANFIS is proposed. The ANFIS model is established when the underwater acoustic communication system is working normally. The model update structure is shown in Fig. 3 . The inputs to ANFIS are time, longitude and latitude speed, DR position and the location information estimated by Kalman filter. The transformation rule of AUV position with time, velocity and DR position is obtained by training the parameters of the ANFIS model.
During short time of communication packet loss, the position error estimated by the filter does not change significantly. Therefore, when the time of communication packet loss is less than 3s, the location information can be obtained only by the time update method of the filter. Alternative, when the communication loss time is greater than 3s, the location information can be obtained according to the trained ANFIS model. The real-time location can be obtained and the proposed method has significantly better positioning accuracy than other methods. The data prediction structure is shown in Fig. 4 . ANFIS accomplishes the prediction of future results by using ''Historical Data''.
The proposed CL method is divided into two parts: the model training process and the prediction process, which transform according to the state of the measurement information. When the relative distance and location information of the CNA can be transmitted normally to the AUV through 
The ANFIS is a multi-input and single-output system and the longitude and latitude positions can be predicted by two models respectively. t, λ DR k , v λ,k andλ k are, respectively, input and output information of model-1 while t, L DR k , v L,k andL k are the input and output information of model-2, respectively1. In this process, ANFIS is trained through the collected data to obtain the optimal values of the nonlinear premise parameters and the linear consequent parameters, and the transformation rule of the location with time, speed and the location of DR is obtained.
When communication packet is lost, the ANFIS enters the prediction process. In this process, the location at the next moment can be predicted according to the time, location of DR and velocity. When communication packet is lost for a short time, the CL system can continue the co-location by performing only the time update of the CKF and not performing the measurement update. The positioning error should be smaller than the error of the predicted location of the ANFIS. Therefore, the a threshold valuecan be set. When the time of communication packet loss is less than 3s, the filtered onestep predicted location is taken as the real location. When the time is greater than 3s, the ANFIS enters the prediction process using the alternative scheme and the ANFIS predicted location is taken as the real location. Through the switching of the above two modes, ANFIS will effectively deal with the CL problem in the lost communication state. This provides an alternative navigation scheme for the lost communication situation of the CL system.
IV. COOPERATIVE LOCALIZATION IN HARSH UNDERWATER ENVIRONMENT BASED ON MCC, ANFIS AND CKF (MC-ANFIS-CKF)
Real-time data fusion based on ANFIS-CKFmay effectively deal with the problem of communication packet loss. However, in the harsh underwater environment, the distance information measured by underwater acoustic modems often has outliers. In such situation, the positioning accuracy of the filter estimation will be reduced and the training data will be inaccurate. Eventually, ANFIS will not be able to accurately predict the location during communication packet loss. Therefore, this paper also introduces MCC based on the ANFIS-CKF method to improve the quality of the collected data and train the ANFIS model. In this way, even when communication packet is lost, the ANFIS can still get the accurate location estimation.
According to the description of the above problems, this paper presents a method of applying MCC to help ANFIS for model training. In this way, the ANFIS model can be trained normally in the presence of measurement outliers. In the harsh underwater environment, precision and reliability of CL can be guaranteed.
A. THE BASIC PRINCIPLES OF THE MCC
Suppose two random variables X , Y ∈ R with joint distribution function F XY (x, y). The generalized similarity measure between them is called correntropy [25] , [27] , which is defined as
where E [·] denotes the expectation operator and κ (·, ·) denotes a shift-invariant mercer kernel. Here, we choose the Gaussian kernel as the kernel function.
where σ > 0 is the kernel bandwidth.
In the practical application of CL, the amount of data is limited and the joint distribution function F XY (x, y) is unknown. In this case, the sample mean is often used as an estimator to estimate correlation entropy.
where
Expand the Gaussian kernel with the Taylor series as follows
Thus, the correntropy is a weighted sum of all even order moments of the error variable X − Y , and the kernel bandwidth σ appears as a parameter weighting the second-order and higher-order moments. With a very large kernel bandwidth, the correntropy will be dominated by the second-order moment [11] , [24] , [36] - [38] .
If a sequence of error data {e (i)} N i=1 is available, the cost function can be written as
Assume W is a parameter vector of an adaptive system to learn and let x (i) and y (i) represent the model output and the desired response, respectively. The MCC based learning can be formulated as the following optimization problem
whereŴ is the optimal solution, and represents the feasible solution set ofŴ .
B. UNDERWATER COOPERATIVE LOCALIZATION METHOD BASED ON THE MCC AND THE ANFIS
In this paper, the MCC is introduced on the basis of ANFIS-CKF to improve the quality of the collected data used to train the ANFIS model. Therefore, when communication packet is lost, ANFIS can still obtain the accurate estimated location. The implementation pseudocode ofharsh underwate environmentCLalgorithmbased on ANFIS is aided byMCC.The algorithm flow is as follows: Time update 1) Set an appropriate kernel bandwidth σ and a small positive number ε; Initial inputsX 0|0 = E X 0|0 ,
2) Calculate X i,k−1|k−1 , X * i,k|k−1 ,X k|k−1 and P k|k−1 using (6)- (9), and calculate S k−1|k−1 by Cholesky decomposition using (5) . Measurement update when the co-location system communicates normally 3) Calculate S k|k−1 , X i,k|k−1 , Z i,k|k−1 andẐ k|k−1 using (10)-(13). 4) According to (4) , the following definition is given
where D k (i) is the ith element of D k and g k (i) is the ith row of g k . 5) Repeat t = 1, andX k|k,0 =X k|k−1 6)
Calculate P xz,k|k−1 and K k using (15)and (16).
where ε provides a stop threshold. 9) Estimate the updated state vector and the error covariance byX
10) Generate initial fuzzy inference structure based on collected data and specified membership function by genfis1 function. Then, the ANFIS is trained to get the transformation rule of the location with time, speed and location.
Measurement update if communication packet is lost
11) The ANFIS system enters the prediction process, ANFIS outputs location, and P k|k−1 is updated by (9) in real time. Fig. 5 shows a flow chart of theCL method based on Maximum Correntropy assisted ANFIS in a harsh underwater environment.
V. LAKE-WATER FIELD TRIALS A. DESCRITION OF THE PREPARATION PHASE OF THE EXPERIMENT
The validity and stability of the proposed method are verified by the post-processing data of the lake-water trials. Three experimental vessels were used in the test; two of which were used as the leader AUV (CAN), and one as the follower AUV to be co-located. The CL of AUVs based on leaderfollower mode is shown in Fig. 6 . The CNA-1 and the CNA-2 communicate with the AUV in turn. The elliptical area around the AUVs in Fig. 6 is used to represent the covariance of the position error. The AUV can periodically obtain the location of the CNA by the underwater acoustic modem and then the relative distance between the AUV and CNA was measured by the TOA method. This periodic CL method effectively reduces the positioning error (the area of the ellipse representing the covariance is significantly reduced with time as can be seen in Fig. 6 . Both AUV and CNA were equipped with GPS and underwater acoustic modems. GPS is used to provide the reference location. AUV and CNA communicate with each other by using underwater acoustic modems. In addition, the AUV was equipped with DVL and compass for DR. The equipment site of the lake trials is shown in Fig. 7 and the performance parameters of the sensors are listed in Table 1 . The actual trajectories of the two CNAs and AUV, as measured by the GPSs, are shown in Fig. 8 . The total experimental time is 1760s and the sampling time t = 1s. The black line indicates that the CL system has no underwater acoustic communication information at the time 1300s-1500s. The initial state estimateX 0|0 is provided by the GPS. The initial state estimation error covariance matrix is set as P 0 = diag[1m, 1m] 2 , the process noise covariance matrix is Q k = diag[1m, 1m] 2 and the measurement noise covariance is R k = (10m) 2 .
The forward and starboard velocities of the AUV provided by DVL are shown in Fig. 9 and the heading information provided by compass is shown in Fig. 10 . The longitude and latitude velocity information calculated from velocity and heading information are shown in Fig. 11 . At each moment, only one of the two CNAs communicates with the AUV, that is, only one CNA is used as the leader AUV at a time. The measurement distance information between AUV and two CNAs is shown in Fig. 12 .
The building of ANFIS model needs a lot of accurate data to be trained. In order to verify the effectiveness and superiority of the algorithm, the measurement outliers are set artificially on the measured distance information and the measured distance information between 1300s and 1500s is hidden. The probability of occurrence of measurement outliers is 2% and is expressed as 2 and G 2,k ∼ N 0, (30m) 2 . Measurement outlier settings are shown in Fig. 13 , and the measurement information after setting the error is shown in Fig. 14 . In the following experimental description, this paper will use the above data with measurement outliers and data loss of communication as the measurement information for algorithm verification.
B. THE ANALYSIS OF THE EXPERIMENT
To verify the effectiveness of the above method, the Localization Error(LE), Averaged Localization Error(ALE), Root Mean Square Error(RMSE), Standard Deviation(STD) and Maximum error(ME) are chosen as performance metrics, which are defined as follows
where (x k , y k ) is the reference location at time k provided by GPS and (x k|k ,ŷ k|k ) is the estimated location at time k. The first step in the algorithm is to choose a proper kernel bandwidth σ . The CL errors with different σ values are shown in Fig. 15 and Table 2 lists the co-location performance of the different σ values. It can be seen from Table 2 that the filtering accuracy is highest and the filtering result is the best stability when σ = 15. In the next experimental verification, σ = 15 will always be applied.
To obtain the ANFIS structure, we use the meshing (GP) method to train ANFIS, so as to determine the number of membership functions for each input variable as well as the number of rules. The adaptive neuro-fuzzy navigational controller under consideration has three sensors based on input parameters, the time of DR, the location of DR and the velocity of the follower AUV. Each input variable has three bell-shaped membership functions. The number of rules is taken as twenty-seven(shown in Fig. 16 ). The main objective of studying the work of ANFIS is to estimate the location when communication packet is lost.
Experiment results are shown in Fig. 17, 18 , 19, 20, 21 and 22. Positions and trajectories taken by different methods are provided in Fig. 17, 19 and 21 , respectively, and LEs of different methods are shown in Fig. 22 . In the case of loss of communication in the co-location system, the longitude error and latitude error taken by different methods are shown in Fig. 18 and 20 .
As can be seen from figures 17, 18, 19 , and 20 the measurement update of CKF and MC-CKF cannot be carried out due to the communication packet loss, the localization error between 1300s and 1500s increases rapidly. However, because ANFIS has the ability to accomplish the prediction of future results by using ''Historical Data'', ANFIS is trained through data collected between 1s and 1300s, and the transformation rule of the location with time, speed and the location of DR is obtained. This method can effectively suppress the rapid divergence of positioning error. Fig. 21 shows the AUV trajectories estimated by different methods. As can be seen in figure 21 , the DR position gradually diverges from the real trajectory. This is because the DR only relies on DVL and compass to calculate position and the cumulative error increases with time. The comparison of co-location performance of different methods is shown in Table 3 . Table 3 shows that MC-ANFIS-CKF method has higher positioning accuracy and better stability than CKF method. The positioning accuracy has been improved by 39% and the standard deviation has been reduced by 72%. It can be seen from Fig. 22 that when communication packet is lost, the position error of the filter estimation is quickly increased. The ANFIS-CKF method can predict the location more accurately than CKF. However, during the time of measurement outliers, the data collected is not accurate. In this case, ANFIS positioning accuracy degrades when communication packet is lost. The application of MCC can effectively improve the accuracy of filtering when there are outliers in the measurement information. Therefore, the collected training data is preprocessed using MCC and the processed data is used to train ANFIS. In this way, when communication packet is lost, trajectories can be predicted more accurately.
The time consuming in a single step run of CKF and MC-CKF is 1.3644×10 −4 and 1.5476×10 −4 , respectively. The complexity of the algorithm calculation has no significant change. At the same time, the ANFIS is trained by the data collected when the communication packet is not lost. This does not affect the complexity of the filtering algorithm. When the communication packet is lost, the filtering algorithm is invalid, and ANFIS can predict the position of the AUV in real time. The proposed algorithm is efficient in computation and the computation is very less. In addition, this paper uses the Willamt's Index of Agreement (WIA) to assess the accuracy and predictive power of each method.
where WIA can give a measure of whether the model's predictive ability reaches the required accuracy. It is generally considered that the model has reliable actual predictive power only when WIA is greater than 0.6. In the case of measurement outliers, the comparison of co-location performance of different methods during communication packet loss is shown in Table 4 .
Compared with the method based on CKF, the estimated mean position error and standard deviation of the co-location system based on ANFIS method are reduced by 66% and 72% respectively, which proves the effectiveness and superiority of ANFIS when communication packet is lost. In the case of measurement outliers, the CL method based on MC-ANFIS-CKF improves the positioning accuracy by 41% and reduces the standard deviation by 42% compared with ANFIS-CKF. Among the above four methods, MC-ANFIS-CKF has the largest WIA value, which indicates that the Cooperative localization method based on MC-ANFIS-CKF has better generalization performance. The MC-ANFIS-CKF method is applied to enhance the accuracy and reliability of the co-location system when communication packet is lost.
For a more detailed description of the importance of MCC in the co-location system based on MC-ANFIS-CKF method, the probability of measurement outliers are set as 1%, 2%, 5% and 10% respectively and 10 statistical experiments are conducted under each probability. The performance index of ANFIS predicting location was recorded under each probability condition. Under different probability conditions, the positioning performance indexes of the two methods based on ANFIS-CKF and MC-ANFIS-CKF are shown in Table 5 . The last column in Table 5 is the average value of the performance indexes of the ten experiments. The comparison of the average value of the performance indexes obtained based on the two CL methods is shown in Fig. 23 .
As can be seen from Table 5 and Fig. 23 , with the increase of probability of measurement outliers, the average values of ALE, STD and ME based on ANFIS-CKF method are increased and the positioning performance index is decreased significantly when communication packet is lost. However, the MC-ANFIS-CKF based CL method can obtain accurate ANFIS model by using MCC to process the collected training data; hence, the estimated position is more accurate and each performance index has good stability.
The establishment of ANFIS model requires a lot of training data. If the data collected is not accurate, it will affect the prediction results of ANFIS and even cause the location predicted by ANFIS to deviate from the accurate location. Take the tenth group of experimental data with 10% probability of outliers as an example for experimental verification.
Measurement outlier settings are shown in Fig. 24 and the measurement information after setting the error is shown in Fig. 25 , and the LEs of different methods are shown in Fig. 26 . It can be seen from the above results that in the case of a large number of measurement outliers, when the communication packet is lost, the positioning error for CL method based on ANFIS-CKF is rapidly increased and the positioning performance is even worse than the CL method based on CKF. ANFIS-CKF is no longer suitable for such situations. However, the CL method based on MC-ANFIS-CKF can maintain high positioning accuracy in the case of measurement outliers as well as measurement information is lost. The WIA values of MC-ANFIS-CKF and ANFIS-CKF are 0.99 and 0.94, respectively, which proves the optimization effect of MCC on ANFIS, the MC-ANFIS-CKF is an effective CL method in the harsh underwater environment.
VI. CONCLUSION
In this paper, the influence of harsh underwater environment on CL of AUVs is considered. Aiming at the outliers of measurement and the loss of measurement information, a CL method based on ANFIS and MCC is developed by combining the traditional filtering estimation method. First, the MCC is used to process the collected data and the MC-CKF estimation result is used as the filter output trajectory. Secondly, the ANFIS model is trained with the processed sample data to obtain an adaptive ANFIS for location prediction when communication packet is lost. The positioning performance indices using different methods are discussed and the positioning performance is tested by using the data collected from the lake trials. On the premise that the probability of measuring outliers are 2%, the positioning accuracy of CL based on MC-ANFIS-CKF is 41% higher than that of ANFIS-CKF, and the standard deviation is reduced by 42%. The maximum entropy assisted ANFIS method enhances the accuracy and reliability of location prediction of co-location system when communication packet is lost.
In addition, this paper discusses the positioning performance indicators of different positioning methods in the case of different number of outliers in the measurement information. The experimental results show that with the increase of the outlier probability of the measured noise, the positioning performance of the ANFIS-based localization method becomes worse when communication packet is lost. However, the performance of the proposed method shows good stability in sech case.
